OBJECTIVES: Although liver transplantation procedures are common and highly expensive, their cost structure is still poorly understood. This study aimed to develop models of micro-costs among patients undergoing liver transplantation procedures while comparing the role of individual clinical predictors using tree regression models. METHODS: We prospectively collected micro-cost data from patients undergoing liver transplantation in a tertiary academic center. Data collection was conducted using an Intranet registry integrated into the institution's database for the storing of financial and clinical data for transplantation cases. RESULTS: A total of 278 patients were included and accounted for 300 procedures. When evaluating specific costs for the operating room, intensive care unit and ward, we found that in all of the sectors but the ward, human resources were responsible for the highest costs. High cost supplies were important drivers for the operating room, whereas drugs were among the top four drivers for all sectors. When evaluating the predictors of total cost, a MELD score greater than 30 was the most important predictor of high cost, followed by a Donor Risk Index greater than 1.8. CONCLUSION: By focusing on the highest cost drivers and predictors, hospitals can initiate programs to reduce cost while maintaining high quality care standards.
' INTRODUCTION
More than 6,000 liver transplant procedures are performed in the United States every year (1) . Despite being common, liver transplants are among the most expensive procedures in abdominal surgery (2) , and the sources of these costs are still poorly understood, especially in developing countries. Specifically, and to our knowledge, no previous articles have attempted to use prospectively collected micro-costing data to predict individual patient costs while also using tree regression models to evaluate the contribution of individual factors in Latin America.
The average cost for liver transplantation has been estimated at Can $89,066 and ranges from Can $30,505 to Can $690,431 (3), although this cost structure varies across countries. For example, a recent systematic review found a major cost difference between the United States and other OECD (Organization for Economic Co-operation and Development) countries, with values of US $163,438 (US $145,277-181,598) and US $103,548 (US $85,514-$121,582) (4), respectively. Regardless of the underlying variation across countries, liver transplantation is an expensive procedure (5) . The sources of these high costs are not well understood, with some authors reporting that transplant admission charges alone represent as much as 50% of the total cost (6) . When accounting for the total cost, it has also been reported that the total hospital costs and reimbursements are substantially increased when patients have additional complications (7) . Furthermore, the highest expenses for this procedure vary widely as a function of the underlying etiology, e.g., substantial differences exist between patients with a diagnosis of hepatitis B and those with hepatocellular carcinoma (8) .
Accurately predicting individual patient cost is important because transplantations are expensive procedures with significant cost variation. Some authors have suggested simplified formulas for the overall procedure cost. Brown et al. proposed that final charges (US $) for liver transplants could be calculated through the following formula: 3,407 Â blood urea nitrogen + 74,474 Â UNOS (United Network for Organ Sharing) status 1 + 102,662. Importantly, blood urea nitrogen and UNOS status are the only variables in this equation (9) . In another model, Axelrod predicted that the higher the patient's MELD (Model for End-Stage Liver Disease) score, the more the patient would be charged for the surgical procedure (10) . In addition, having a severe liver disease, cytomegalovirus infection, additional operative procedures, and biliary complications are all predictors of increased cost (3) . Other models have focused on utilization metrics as the primary predictors, using simple formulas in which the duration of the pre-transplant stay in the intensive care unit, age, body mass index, and calculated MELD scores are all used to predict cost after transplantation (11) . Finally, some models have attempted to predict costs using variables such as graft type, height, race, hepatic artery thrombosis, early allograft rejection, and participation in a transition to home program (12) . Since these previous attempts to predict cost are all based on traditional modeling techniques, the final estimation is limited by the accuracy of the individual variables.
To address this gap, the objective of this study was to develop a series of predictive models that permit an evaluation of individual clinical variables in the prediction of different cost components.
' METHODS
Our objective was to develop a series of predictive models for liver transplantation micro-costs based on a prospective registry with consecutive patients. Our modeling strategy is based on the TRIPOD statement (13).
Ethics
Approval was obtained from the Institutional Review Board of the School of Medicine of the University of São Paulo (HCFMUSP).
Setting
All of the data were collected from patients visiting a single, tertiary, outpatient clinic at the University of São Paulo. These patients were followed throughout the entire care pathway, and the data collected included intra-operative data. Data collection was conducted using an Intranet registry that was integrated into the institution's administrative data collection system. These systems are used for the storage of financial and clinical information for transplantation cases because the hospital receives funding from the National Health System (NHS) for transplant procedures. Registration, consultations, hospitalizations, medications and the materials used were all tracked for liver transplantation cases. In addition, a dedicated research staff was responsible for collecting a detailed list of material consumption, equipment, and medications, among other cost items. A debit card was used for all purchases; therefore, all price-related information was available. Individual patients' expenses for all components were prospectively calculated during their in-hospital period and then updated daily. Participant accrual occurred between January 2012 and December 2014. The team performing the transplantation was the same throughout the study period.
Participants
We included all adult patients above the age of 18 undergoing liver transplantation. These cases included standard, living donor, combined transplantation (liver and kidney) and re-transplantation. All of the procedures were conducted at our center.
Outcomes
All of the costs from enrollment to transplantation and the post-transplantation period (in-hospital period) were captured in real time. We measured costs related to provider visits, preoperative tests, management of comorbidities and complications, hospitalizations, and general costs during the post-transplant period. These data were categorized as total cost, margins, revenue, and costs specific to the operating room (laboratory, gases, equipment, blood services, materials, drugs, human resources, high-end supplies, and standard equipment), the ICU (laboratory, dialysis, endoscopy, per diem, equipment, imaging, blood services, gases, materials, drugs, food, human resources, and intensive care unit), and the ward (pathology, gases, equipment, dialysis, per diem, electricity, phone charges, cleaning services, infrastructure and administrative support, endoscopy, imaging, laboratory, blood services, materials, drugs, food, and human resources). The costs of human resources (doctors, nurses, nursing assistants, physical therapy, nutritionists, social workers and psychologists) were calculated as the cost time per professional, and the time was defined as the hours dedicated by the professional for each specific liver transplant patient. The costs were converted from Brazilian reais to US dollars at a 3.69 rate (2015-11-04).
Predictors
After a detailed review of the available evidence on predictors of the cost of liver transplantation, we used clinical judgment and the previous literature to select our variables (6, 14) . Specifically, we selected the following variables: length of stay (intensive care unit, ward, and total) and clinical predictors such as age, gender, body mass index, transplant type (standard, living donor, re-transplantation, or combined transplantation), MELD score, liver disease etiology (viral hepatitis, alcoholic cirrhosis, primary sclerosing cholangitis, and hepatocellular carcinoma), liver disease complications, comorbidities (diabetes, hypertension, and renal failure among others) and post-operative complications (rejection, kidney failure, and infection), outcomes (discharge, death or re-transplant), and cause of death (shock and septicemia).
Data analysis
We started the analysis by performing a graphical exploratory analysis evaluating frequency, percentage and nearzero variance for categorical variables, distribution for numeric variables, and missing values and patterns across all variables (15) . Median values were used for stratification to enable a similar frequency across comparison groups. Patients were excluded from the analyses when missing values were required. For example, when stratifying an analysis by the MELD score, patients with missing values for the MELD score were excluded. This exclusion accounts for the inequality in the total number of samples in all of the tables.
We used linear regression models for the analysis. All of the results were reported as predicted medians with 95% confidence intervals. Tree regression pruning was based on the following algorithm: at each pair of nodes from a common parent, we assessed the error based on the testing data and specifically evaluated whether the sum of squares would decrease if the two nodes were removed. In the case of a positive answer, the nodes were removed; otherwise, they were left intact. Although tree regression models represent the best cut-points for the values predicting the outcomes, in contrast with linear regression models, their results cannot be represented in a single equation. However, these models have a graphical representation that we present along with the interpretation of our results. All of the analyses were performed with the R statistical language and using regression trees based on the rpart package.
' RESULTS
A total of 278 patients were included and accounted for 300 procedures. Most patients were male (63.7%) with a mean age of 52.32 +/-13.68 years and a body mass index of 25.89 +/-5.96. When evaluating the procedures (Table 1) , most of them were standard transplants (78.1%) with a mean Donor Risk Index (DRI) of 1.43 (+/-0.31). The average length of stay was close to 21 days, with more than 9 days spent in the intensive care unit. One-fifth of our subjects died after the procedure, and approximately ten percent of all patients had to undergo a re-transplant. MELD scores greater than the median value in this sample (cut point at 30) were associated with higher rates of mortality and total costs.
When evaluating specific costs for the operating room, intensive care unit and ward (transplant unit floor), we found that in all sectors but the ward, human resources were responsible for the highest costs. High cost supplies were important drivers for the operating room, whereas drugs were among the top four drivers for all sectors. Higher MELD scores were associated with increased costs for highcost supplies, blood services and labs in the operating room, and several types of costs occurred in the intensive care unit and ward (Table 2) .
When comparing specific components of the total, predicted, and adjusted cost in patients with high MELD scores, patients with MELD functional scores greater than 30 presented significantly higher total costs (Table 3) .
We then evaluated specific predictors of total costs associated with all baseline information, etiology, comorbidities, and complications. We found that a MELD score greater than 30 was the single most important predictor of costs, with the highest costs accompanying a MELD score greater than 30 and coupled to a DRI greater than 1.8 ( Figure 1 ). This regression tree can be interpreted by following the patient characteristics from left to right. For example, if the MELD was less than 30 and if post-transplant kidney failure is absent, then the patient has a 54% chance of having costs among the top 50 th percentile. As demonstrated in our tables in the appendix, when evaluating the total costs with respect to specific conditions, patients with hepatocellular carcinoma were associated with lower operating room, intensive care unit and ward costs; patients with primary sclerosing cholangitis were associated with lower intensive care unit costs; and patients with portal vein thrombosis were associated with higher total costs. In addition, death was also associated with an increased total cost of transplantation. Finally, linear regression modeling demonstrated that the time spent in the operating room was significantly associated with higher transplantation costs (po0.001), whereas no statistically significant associations were found between costs, MELD score (p=0.724), and DRI (p=0.351).
' DISCUSSION
To the best of our knowledge, this is the first study utilizing tree regression models to focus on individual cost drivers after a liver transplant. When evaluating specific costs for the operating room, intensive care unit, and ward (transplantation unit floor), we found that in all sectors but the ward, human resources were responsible for the highest costs. High-cost supplies were important drivers for the operating room, whereas drugs were among the top four drivers for all sectors. When evaluating the predictors of total cost, a MELD score greater than 30 was the most important predictor of cost, with the highest costs accompanying a MELD greater than 30 and coupled with a DRI greater than 1.8.
To understand the cost structure related to liver transplants in Brazil, it is important to provide a context regarding the organ allocation system. Specifically, organs are allocated in Brazil based on the MELD score and blood type compatibility. Patients with hepatocellular carcinoma, refractory ascites, disabling encephalopathy, recurrent cholangitis and other specific diagnoses receive special attention and are moved to the top of the transplantation list. Others are followed up in relation to the functional MELD score for placement on the list. As a result, patients undergoing liver transplantation (22) . In contrast, the total cost in Brazil is US$ 20,605.01 (23) . It has been previously demonstrated that complications following liver transplantation significantly increase hospital costs (7, 24, 25) . As a consequence, the prediction of liver transplantation costs is closely connected to the prediction of complications. The severity of liver disease, post-operative infections, such as cytomegalovirus infections, and complications involving the biliary tract have all been demonstrated to contribute to a rise in surgical costs (3) . Specifically, in the pediatric population, complications such as acute cellular rejection, acute renal failure, hepatic artery thrombosis, and infections such as pneumonia accounted for a substantial increase in hospital costs and, consequently, a decrease in profit margins (26) . However, liver transplants are not the only procedures with complications contributing to a rise in costs, and others include pancreas and kidney transplants (27) . Although many of these complications are unpredictable, we currently know that high MELD scores and previous renal insufficiency present higher risks of post-transplant complications (28, 29) . As expected, when complications develop, the corresponding length of the hospital stay also increases. The length of the hospital stay is often cited as an important predictor of cost after liver transplantation. In general, the greater the number of days spent in the hospital after liver transplant the higher the cost of the overall transplantation (30) (31) (32) . It has been previously demonstrated that the length of the hospital stay is one of the main determinants of overall hospital fees for surgical patients (33) . However, as some of our models have shown, the impact of the length of stay on cost is increased by the presence of comorbidities, with longer stay intervals sometimes only generating a negligible impact on total hospital costs (34,35). Overall, the interplay of multiple determinants of cost is important, and comorbidities play a particularly important role.
Comorbidities, such as viral hepatitis, advanced liver disease, and portal thrombosis, have all been associated with higher costs of liver transplant (18, 30) , and impaired renal function is one of its main determinants (9, 18) . Liver transplants are not isolated in this aspect in that comorbidities have also been shown to increase the cost of kidney transplantation (36). Several authors have used comorbidity indices to combine different factors in the prediction of outcomes after liver transplantation. For example, Wasilewicz et al. adopted the Charlson comorbidity index (37) to predict survival after liver transplantation (38). The Charlson index has also been used to predict health care economic endpoints including cost and resource utilization (39).
Despite filling an important gap in the literature, our study does have limitations that are mostly associated with its observational design. First, our cost measures were not unanimously validated by different observers and thus introduced a potential classification bias. Second, we did not include self-reported measures of quality of life or dysfunction, which could later be used in cost-utility analyses. These measures constitute an important metric in that they take into account a direct patient perspective, which is clearly missing when only cost-driven measurements are used. This absence in our study was primarily driven by logistical reasons in that the inclusion of self-reported questionnaires would significantly increase the complexity of data collection. Third, despite our best efforts in controlling for missing rates, some of our variables, such as the DRI, presented particularly high rates. To minimize this limitation, we utilized imputation algorithms followed by sensitivity analyses to ensure that our final conclusions were valid under different assumptions. Fourth, given that our sample was not randomly drawn from a larger patient population, its external validity can be questioned. Although future studies should certainly aim for larger and more representative samples, our sample is by no means atypical for its setting, which makes our conclusions valid for similar populations globally. Fifth, because the same team performed the transplants throughout the study period, we cannot evaluate the impact of trainees on cost. In addition, because we do not have the breakdown data with respect to ventilator time in the intensive care unit, we cannot further investigate the underlying reasons behind its cost. Finally, several other statistical approaches could have been used, including machine learning, which allow for greater predictive performance and Bayesian Network models that might in turn allow for causal inferences. However, the former usually requires larger samples, while the latter is less familiar to clinical audiences and could therefore lead to confusion in the interpretation of our results.
In conclusion, our study holds promise in that cost data can be used to assess future areas that can lead to cost-saving strategies while maintaining good quality of care (25, 27, (40) (41) (42) . Cost studies are particularly relevant for quality assurance and safety programs because the improvement of quality must be conducted within an environment that takes health economics into account. This is especially important in countries undergoing cost containment, such as developing countries and even the United States under escalating cost increases and the Affordable Care Act. We therefore recommend that healthcare institutions should undergo continuous cost evaluations to determine their main cost drivers and to determine cost predictors for liver transplantation. Such studies will allow institutions and public health systems to predict the cost of each procedure using pre-transplant data from the recipient and donor.
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